Organic farming has been proposed as a feasible way to reduce the environmental impacts of agriculture, provide better products to consumers, and improve farmers' income. How organic farmers are distributed worldwide, however, remains unknown. Using publicly accessible registries of organic crop farmers we mapped their distribution globally and related it to local socio-economic, climatic, and soil characteristics. We show that organic crop farmers are mostly present in areas with favorable socio-economic and climatic conditions, both globally but also within countries. Within developed countries, the locations of organic crop farmers often do not differ significantly from the locations of conventional crop farmers. In developing countries, there are, however, larger differences and organic crop farmers concentrate in the more accessible and developed regions. Our results suggest that crop farmers in poor areas may not have sufficient access to certification and markets. To promote the spread of organic farming, certification and other incentives could target farmers in areas with lower market access and higher levels of poverty which could improve value chains for organic products in these areas.
Introduction
Advancements in agriculture and cropland intensification have contributed to increases in food production crucial for ensuring global food security (Meyfroidt, 2018; Muller et al., 2017) . At the same time, intensification through increased use of synthetic inputs has led to negative environmental and social consequences . Different strategies have emerged to reduce the environmental impacts of agriculture, while at the same time supporting food security; organic agriculture is among the most promising (Reganold and Wachter, 2016; .
Evidence suggests numerous environmental benefits of organic farming: reduced soil loss and increased organic matter, lower carbon emissions, and higher biodiversity values (Bengtsson et al., 2005; Blackman and Naranjo, 2012; Gomiero et al., 2011) . Certified organic farming can lead to higher profits (Crowder and Reganold, 2015) , improving the income of smallholder farmers (Ayuya et al., 2015; Barrett et al., 2001; Bolwig et al., 2009; DeFries et al., 2017) . For certain crop types, organic farming can under the right conditions maintain yields or even improve the production efficiency (Seufert et al., 2012; Tzouvelekas et al., 2001) . However, such benefits are contested (Hole et al., 2005) , particularly when it comes to looking at environmental benefits per crop unit . Some studies warn that upscaling organic farming could lead to disruptions in food security and more widespread environmental degradation through displacement effects (Connor, 2008; Leifeld et al., 2013; Muller et al., 2017) . In some cases, organic farming has been reported to cause increased poverty and inequality between rich and poor farmers (Beuchelt and Zeller, 2011; Getz and Shreck, 2006; Gómez Tovar et al., 2005) .
Both the proponents and opponents of organic farming often fail to consider the spatial context in which organic farming is occurring (Seufert et al., 2012) . Knowledge on the spatial distribution and the location characteristics influencing organic certification is limited to local-or country-scale examples. Proximity to markets in larger urban centers has been identified as an important spatial driver in several European examples (Frederiksen and Langer, 2004; Ilbery and Maye, 2010) , as well as in Kenya (Ayuya et al., 2015) , Korea (Choi, 2016) and the United States (Kniss et al., 2016; Kuo and Peters, 2017) . In England, organic farmers tend to be located on good soils (Gabriel et al., 2009) , whereas in Germany, they were preferentially located in areas with poorer soils and a higher share of natural areas (Auerswald et al., 2003; Schmidtner et al., 2012) . Organic farmers in the United States are more likely found in areas with a more temperate climate and varied terrain (Kuo and Peters, 2017) . However, depending on crop type, these patterns may deviate, as has been demonstrated for organic grape T production in California (Kniss et al., 2016) . Moreover, organic farmers are found to concentrate spatially due to strong influence of other farmers in their direct vicinity (Ilbery and Maye, 2010; Schmidtner et al., 2012; Wollni and Andersson, 2014) . Overarching trends in these observations, or which factors affect the distribution of organic farmers on a global level, have not been investigated.
Understanding the global distribution and the local spatial context of organic farmers is important for numerous reasons. First, identifying the areas where organic farming is present today is crucial to support expansion of certified cropland in the future (Tayleur et al., 2018) . Second, to improve access to organic certification, an understanding of its spatial distribution is needed (Tayleur et al., 2017) . Moreover, to be fully aware of potential benefits and consequences of organic farming, we need to understand its intersections with local environments and cultures (Getz and Shreck, 2006) . To support such analysis, our objective was to systematically map the locations of organic crop farmers worldwide based on publicly available data from national authorities and certifiers. We present and analyze, for the first time, the global spatial distribution of organic crop farming. The only similar mapping attempt so far focused on certified commodity crops in tropical countries and did not cover organic certification (Tayleur et al., 2018) . Official statistics already give an overview of the distribution of organic farmers globally: the majority of organic crop farmers are smallholders in developing countries, but a considerable portion of organic cropland is located in developed countries (Europe, North America and Australia together represent 50% of organic areas although they only have 6.3% of all farmers) (Willer and Lernoud, 2018) . We went beyond such aggregate statistics by studying the spatial distribution within countries and the influence of local socio-economic, climate, and soil and terrain characteristics on the spatial distribution of organic crop farmers.
Methods

Data collection
We collected data on certified organic crop farmers from publicly available datasets (full details on data collection in the Supplementary material). The locations were collected from national repositories on organic producers, or webpages and recent reports from major certifiers and official institutions (Tables S1 and S2). The IFOAM -Organics International definition of organic farming was followed when collecting producer's data to ensure consistency. Organic farming is defined as agricultural activities, with limited or forbidden use of synthetic inputs such as fertilizers and pesticides (IFOAM, 2017; . Some countries have different terms describing organic agriculture, such as biological (Italy, Spain, France), ecological (Central European countries), or both (Germany, Canada). Although these are different terms, the practices of production are falling under the IFOAM definition . Only data on currently certified field operations and crop farmers with a physical address were included. Certificates that were surrendered, withdrawn, or under conversion were disregarded. Some registries provide information on the exact type of crops produced, while most only provide information on the type of organization (producer, handler, processer), or type of agricultural activity (e.g. plant production). We, therefore, did not differentiate between different crops produced by organic farmers. We excluded records on handlers and processers of organic products. Addresses of livestock farms often did not equal the location where land was managed under organic principles. Organic feed that was used in such farms was produced elsewhere. To avoid such inconsistencies between certificate location and operation address, livestock farms were excluded from our analysis (unless they also produced crops or animal feed themselves). Inclusion and exclusion criteria are discussed in more detail in the Supplementary Methods.
The addresses were geocoded using Google Maps (Google Maps, 2017) and mapcarta (Mapcarta, 2017) . While most addresses allowed automatic geocoding, some farmers had to be identified manually. Some addresses were descriptive, or the place of the field operation was not immediately recognized by Google. Addresses in regions that do not use the Latin alphabet were also mostly not identified automatically. This was the case for several parts of the world -Middle East and North Africa, Former Soviet Union, and South-east Asia. Details on geocoding and manual identification of addresses, are provided in Supplementary Methods.
Geocoded addresses were allocated on a 1 km spatial grid, using an equal area projection in a geographic information system (ESRI, 2015) . This way, the uncertainty related to the potential distance between the physical address of the crop farmer and the corresponding field operation was reduced. We excluded duplicate records where it was clear that the certificate presents the same farmer, which can hold multiple certificates for different crops. Such certificates were identified by the same farmer name, and same address. We included only one record from such duplicates.
Data analysis
We studied the potential effect of numerous socio-economic, climatic, soil and terrain variables on the spatial distribution of organic crop farmers. Depending on the characteristics of the available data, two different types of analysis were performed. In countries with representative data (i.e. all organic farmers were included in the dataset) binomial logistic regressions were performed using locations of organic crop farmers as presence and a similar sized (random) sample of all other arable lands as absence data. Logistic regression is a common approach when studying the spatial determinants of land use and land management (Neumann et al., 2011; van Asselen and Verburg, 2012; Van Dessel et al., 2011) . We performed logistic regression using SPSS 24 (IBM Corp., 2016) . In countries with unrepresentative data (i.e., the set of organic producers identified was not complete), we applied maximum entropy modeling that is appropriate to such data structures (Phillips et al., 2006; Wisz and Guisan, 2009 ). Data was considered as representative in countries where the numbers overlapped with reported statistics on organic producers (Willer and Lernoud, 2018) . Also, data from countries where lower numbers of organic farmers were recorded but where the data was provided by official governmental institutions (e.g. government agencies responsible for organic farming, Table S1 ) were considered as representativesuch countries were France and Italy.
Besides analyzing the spatial distributions within countries or regions (Supplementary material), we also performed global analyses. A logistic regression was conducted using data from all countries with representative data. To study potential variation in the spatial distribution of organic crop farmers in countries with different shares of organic farming, separate regressions were performed for groups of countries where organic farming is nationally significant, countries that are significant global producers, and countries where organic agriculture remains a niche activity. We hypothesized that within countries in different development stages and with different shares of organic farming the spatial determinants of organic agricultural may be structurally different. Countries were defined as nationally significant in case the national share of organic cropland covered > 2% of total cropland. Significant global producers were countries with > 1% of total global organic cropland. Other countries were defined as niche countries. The extent of our analyses and the defined global regions are described in Supplementary material (Figs. S1 and S2). For all criteria, the latest data from the IFOAM was used (Willer and Lernoud, 2018) . We additionally studied the spatial distribution of cooperatives of organic producers. We performed the logistic regression for Peru (a country where such data was accessible), using locations of cooperatives ( Fig. S3 ).
It was hypothesized that access to markets (both by exporting products and access to more wealthy consumers), and access to information and mechanisms related to organic certification were processes that influence the spatial allocation of organic crop farms. We therefore used data representing the distribution of population, agricultural activities, distance to markets and level of economic development. Population density and the density of rural population were expected to affect the distribution of organic crop farmers by representing potential consumers and agricultural activities at a location (Neumann et al., 2015) . The market access index was used to study the accessibility to national and international markets, the effect of available capital to farmers, and role of road and transport infrastructure . The market access index goes beyond only representing the distribution of population and cities as it accounts for the distance to major markets, but also the type of infrastructure, and terrain characteristics influencing the travel time (comparison with the distribution of population in the Supplementary Material Table S3 with detailed documentation in Verburg et al., 2011) . This way it helps identifying areas where it is, among others, easier to access financial mechanisms, receive information on organic certification, buy agricultural inputs, and finally, making it less costly to transport products to markets. We used data on areas equipped with irrigation (Siebert et al., 2013; Siebert et al., 2005) as a proxy to study the effect of the level of agricultural mechanization and infrastructure (Kuemmerle et al., 2013) . The global poverty map (Elvidge et al., 2009) , and gridded GDP data (Nordhaus, 2006) were used to represent the influence of the level of development at a location (Kummu et al., 2018) .
We hypothesized that bio-physical variables that limit or encourage agricultural activities and crop choices might influence the choice for engaging in organic farming. Temperature, precipitation, potential evapotranspiration (PET), and the aridity index (Hijmans et al., 2005) were selected as climatic variables as they determine potential vegetation growth and represent different aspects of cultivation suitability for different crop types (Licker et al., 2010; Panagos et al., 2015) . To study the influence of terrain, we focused on altitude and slope that can pose constraints to agricultural activities (Havlík et al., 2011) . We considered seven soil variables that describe different physical and chemical soil characteristics: shares of clay and sand, cation exchange capacity (CEC), soil pH, drainage and depth, and organic content (ISRIC, 2018; Stoorvogel et al., 2016) . Soil variables define the suitability for crop production by characterizing soil structure, fertility, and ability to store water, while the different factors have different influences on different crop types (Gardner et al., 1999) . All spatial data were projected to an equal area projection and converted to a 1 km spatial resolution. All explanatory factors are described in more detail in the supplementary material (Table S3 ).
Correlations between variables were calculated to be able to reduce multicollinearity for each country or region. Highly correlated variables (Pearson correlation coefficient > 0.8) were excluded. For the logistic regression, the data was standardized at the level of analysis (country, region, global).
Forward conditional regressions were conducted in countries with representative data using a balanced sample of presence (organic crop farmers) and absence points for each country or region. For absence points, we randomly selected a spatially balanced sample distributed on a cropland mask to reduce potential bias due to spatial autocorrelation. Such an approach has been demonstrated as optimal when sampling absence data (Hirzel and Guisan, 2002) , particularly to reduce the uncertainty related to biased sampling, and sampling of locations, where organic crop farmers are unlikely to occur. Before sampling the absence data, we excluded the locations of organic crop farmers, to remove pseudo-absence data (Wisz and Guisan, 2009 ). We used the IIASA-IFPRI hybrid cropland map (Fritz et al., 2015) as a cropland mask for all countries and regions outside Europe. In Europe, the CORINE land cover map was used (EEA, 2015) . In Belgium, Denmark and Slovenia, the data did not allow for differentiation between crop and livestock farmers. In these three countries we also considered pastures, together with the cropland mask. In Australia and Argentina, a few organic crop farmers were mapped outside the cropland mask (due to the uncertainties related to the cropland map). We added the areas where we mapped organic crop farmers to the cropland mask, to not exclude them from our analysis. To evaluate the predictive ability of our regression models, we calculated the Receiver Operating Characteristics (ROC) and the Area Under Curve (AUC) values (Supplementary material). The AUC was also interpreted as an indicator of the extent to which organic farmers differ from conventional farmers based on spatial location characteristics. Low AUC values indicate that differences in the spatial distribution of organic farmers, compared to conventional farmers, cannot be explained by the included spatial variables, indicating a probable low difference in the spatial location of conventional and organic farming. To study the robustness of our models, additional tests were performed. First, to check if our models performed better than a random model, we also calculated models using a randomly allocated presence data set (within the cropland area). Without exception, all test regressions had AUC values of around 0.5 while no model had an AUC higher than 0.53. Secondly, the regressions were performed using different random samples of absence points. Our regression results did not change significantly for different samples for most countries (the regressions consisted of the same variables with the overall relationships and their strengths remaining similar). In five countries, regressions with a different random sample had slightly different results (Supplementary material). Additionally, three countries had to be excluded (Armenia, Kazakhstan and Uruguay) as the regressions differed significantly with each different random absence sample. These countries all have only a few dozen organic farmer observations within relatively large total farming areas, explaining this sensitivity. Finally, we performed additional logistic regressions using spatial data that was aggregated to 10 km resolution for a number of larger countries (Argentina, Australia, Brazil, Canada and USA) to test sensitivity to location accuracy and data resolution (Supplementary material). We observed that the regressions differed particularly in terms of local soil characteristics (Argentina, Australia and Brazil), but also rural population (Argentina, Brazil and USA), market accessibility and irrigation (Australia, Brazil and USA). This may indicate that results are indeed sensitive to location inaccuracies in some contexts, and implies potential uncertainties of our results. At the same time, this can also describe the heterogeneity of the regional spatial distribution of organic crop farmers.
In countries and regions where our points presented only a portion of total producers (Table S1), we performed maximum entropy modeling using MaxEnt (Phillips et al., 2017 (Phillips et al., , 2006 . MaxEnt is suitable to study the factors influencing the spatial distribution in case of limited presence-only data, with high uncertainty on the exact location of absence-data (Elith et al., 2011; Fithian and Hastie, 2013) . MaxEnt has a good predictive power particularly with small datasets (Wisz and Guisan, 2009) , useful for countries and regions where we had limited data on organic farmers. Although mostly used in ecological studies to study species distribution, it has also been applied in studying agricultural management or cropland extent. Among others, it has been used to study the distribution of specific crops, potential shifts in their spatial extent due to climate change, and carbon sequestration potential of specific land management types (Duan and Zhou, 2013; Liu et al., 2015; Luedeling and Neufeldt, 2012; Machovina and Feeley, 2013) . Similar to the logistic regression analysis, we limited the MaxEnt analysis to cropland areas only. Details of our MaxEnt application are described in the Supplementary material.
Farmers' decisions to adopt organic farming are heavily influenced by other farmers in their surroundings who converted to organic (Allaire et al., 2015a; Gabriel et al., 2009; Schmidtner et al., 2012; Wollni and Andersson, 2014) . We therefore also looked at neighborhood effects by counting the number of occurrences of finding multiple organic crop farmers located within the same 1 km cell.
Results
First global map of organic crop farmers
We mapped 112,724 certified crop farmers in 150 countries around the world (Figs. 1 and 2 ). There is a higher density of organic crop farmers in high-income countries, particularly closer to larger cities (e.g. Fig. 2a, c-e ). In high income countries, organic crop farmers are often found equally spread in high densities across the total cropland area within the individual countries (e.g. Fig. 2b ). Two main exceptions to this pattern are found in Argentina and Australia, where, together, 1739 farmers are spread over > 9200 km 2 organic cropland (Willer and Lernoud, 2018) . For comparison, over 3000 organic crop farmers in Slovenia cultivate an area that equals 0.8% of the organic cropland of Argentina and Australia combined (Willer and Lernoud, 2018) .
Despite the large number of crop farmers mapped, our collection of certified farm locations includes only 5% of all global certified organic crop farmers. However, together the farmers included in our data cultivate 38% of the total global organic cropland. Cropland represents 36% of the total global organic area (Willer and Lernoud, 2018) . We likely recorded considerably more crop farmers in countries where one certificate presents a cooperative or a similar collective association -a predominant way of organic production in numerous countries of Latin America, Africa and the former Soviet Union (Bravo-Monroy et al., 2016; Jena et al., 2012; Willer and Lernoud, 2018) ypo. Although membership data on individual cooperative certificates is not available, certifiers report that 711 cooperative certificates from Latin America correspond to 63,000 producers (whereas we treated them as 711 certificates) (BIOLATINA, 2018). Data on organic crop farmer distribution is representative for 42 countries, mostly in North America, Oceania, and considerable parts of Europe and South America (Tables S1, S4). However, data on organic crop farmers in important organic producing countries such as China, Germany, Spain, and Poland are missing. In Africa and Asia (together with the former USSR), we only cover 6 countries with representative data, and mapped 0.1 and 1% of all farmers respectively (Table S4) .
Organic crop farmers are concentrated in areas with favorable socioeconomic, climate and soil conditions
Globally, organic crop farmers are located in areas with more beneficial socio-economic, climatic and soil conditions ( Table 1, Table S5 ). They can be found in more densely populated areas with better access to markets, and areas with lower poverty levels. Moreover, it is more likely that we find them in areas equipped with irrigation. They are often located in areas with more rainfall, higher temperatures and lower evapotranspiration. The influence of soil characteristics on the spatial distribution of organic crop farmers is less pronounced. Overall, they tend to be more frequently situated in areas with shallow, less drained soils, a higher pH, and higher organic matter and sand content ( Table 1, Table S5 ). While they are more likely found at lower elevations, also a positive association was found with steeper slopes.
Small differences are found between countries with different shares of organic agriculture (Table 1, Table S5 ). In countries where organic farming has a high share, rural population and irrigation are not significant, and organic crop farmers are more likely to occur on soils with a lower organic content. In niche countries, where the share of organic farming is low, the occurrence of organic crop farmers is negatively correlated to rural population.
When looking at individual countries and regions, again, the positive effect of favorable socio-economic, climatic and soil characteristics on the distribution of organic crop farmers is observed (Tables 1 and 2,  and Tables S6, S7 and S8) . Particularly poverty has a negative effect on the likelihood that an organic crop farmer is present at a location, which we identified in 34 of the 42 countries and regions analyzed (Tables S6 and S8 ). However, there are also clear differences between countries. The negative influence of poverty is not limited to lower income countriesorganic crop farmers are also negatively related to poverty in upper-middle-and high-income countries such as Argentina, Canada, Chile, China, and several members of the European Union. In Australia, Egypt, and the United States, organic crop farmers are even more likely to be found in areas with higher degrees of poverty/lower wealth (Table 1 ). In most European countries, rural population density Table S1 . Cropland (Fritz et al., 2015) is marked with gray. Ž. Malek, et al. Agricultural Systems 176 (2019) 102680 Table 1 Summarized regression results for organic crop farmers globally and in selected countries with representative data. All regression coefficients are reported only for variables that have p < .05 significance (forward conditional regression), variables marked with * have p < .01 significance. Empty cells mean a variable is not significant for that country. AUC (area under curve) is a measure for the goodness of does not play a significant role. Organic crop farmers are in Austria, Ireland, and Italy more likely found in areas less connected to markets (Table 1 ). In several of the studied countries and regions (19) organic crop farmers are negatively related to the extent of irrigation (Tables S6  and S8 ). This shows, that irrigation is not necessarily relevant to the occurrence of organic agriculture on a local scale, depending on regional agricultural contexts.
In nearly all analyzed countries and regions, organic crop farmers are positively related to precipitation and temperature (Tables 1, 2, and  Tables S5, S6, S8 ). In a few countries, however, they tend to occur in drier areas. These are countries in north and south Africa, south-east Asia, Ecuador, Italy, Peru, and Brazil (Table 1, Tables S6 and S8 ). In countries spanning over different climatic regions such as Argentina, Brazil, China, Mexico and the United States, organic crop farmers are more likely found in more temperate areas with lower temperatures (Tables 1, 2) .
There are fewer similarities among countries in terms of the effect of soil and terrain conditions, demonstrating that their role depends on the regional/local context (and potentially depends on different crop types specific for some regions). The effect of soils is more similar in South American countries, looking at the influence of clay, pH and soil depth (Tables 1, 2, Tables S4, S6 ). In Australia, Croatia, Italy, Turkey, the United States, the Indian state of Odisha, and countries in West Africa combinations of soil conditions indicate that organic farmers cultivate land less suitable for cropland activities (Tables 1,2 and Tables  S6 and S8 ). In South and West Africa, mainland and maritime South-East Asia, France, Italy and Slovenia, and numerous South American countries, organic crop farmers are more likely found at higher altitudes. In Mexico and the rest of Central America, East Africa and China, they tend to occur in mid-altitudes (Table 2, Table S8 ). Organic crop farmers on steeper slopes are more likely found in developed countries, probably indicating a high share of permanent crops (e.g. vineyards and orchards) (Willer and Lernoud, 2018) . Higher likelihood for organic crop farmers in areas with higher altitudes, steeper slopes and poorer soils can, however, also be explained by economic and agronomic obstacles in converting to organic farming on more suitable areas (e.g. profitability of conventional agriculture on fertile plains can present an obstacle to conversion).
In developed organic markets, we identified less evident influences of spatial characteristics on the spatial distribution of organic crop produces. This is demonstrated by their spatial pattern, weak regression coefficients and low AUCs (area under curve of the Receiver Operating Characteristic) ( Table 1, Table S5 ). We observed this mostly in European countries: Austria, Czech Republic, France, Ireland, and particularly Denmark and the Netherlands (Table S6 ). Countries with the smallest differences in location between conventional and organic farming are also countries with the highest shares of organic farmers, as indicated by the negative relationship between the AUC and the share of organic farmers (Fig. S4) .
In some countries we observed strong clustering of organic producers in specific locations, demonstrated by the ratio between the total number of organic crop farmers and the number of unique locations (Table S9 ). For example, around 9000 organic crop farmers in Brazil are located on 1250 unique locations. Countries with a considerable share of organic farmers that are characterized by a high share of unique locations are mostly European countries like Belgium, Czech Republic, Denmark, France and the Netherlands.
Discussion
What affects the spatial distribution of organic crop farmers?
The identified strong impact of poverty levels and access to market on location choices is similar to what has been observed for certified crops under other certification schemes (Tayleur et al., 2018) . The influence of other variables, such as rural population, market access, GDP, and irrigation also suggest that organic crop farmers are more likely to be found in areas with better socio-economic conditions. This is supported by local studies, where particularly distance to markets and urban population have been identified to play a role in the conversion to organic farming, both for reaching affluent domestic markets as well as for better access to international markets (Allaire et al., 2015b; Giovannucci and Ponte, 2005; Karki et al., 2011; Koesling et al., 2008) . In developing countries, organic farmers mostly produce commodity crops for export to more developed markets with only a minor portion being produced for domestic consumption (Willer and Lernoud, 2018) . Being close to established supply chains of commodity crops (Ton, 2013) can, therefore, explain the identified positive effect of market accessibility. Furthermore, crop farmers who are better connected to markets are also more likely to receive more information on the benefits of organic farming, whereas farmers in remote areas are mostly influenced informally (Wollni and Andersson, 2014) .
Additionally, our findings on how locations of organic crop farmers in developed organic markets are more similar to conventional farmers can be explained by specific regional and historic contexts. First, these highly developed organic markets are mostly smaller (European) countries, where consumers and export markets are close to producersmaking it possible to sell products locally (e.g. Ilbery and Maye, 2010) . These are countries with high levels of overall socio-economic development, with a relatively large consumer base (more wealthier consumers). Such countries also have a well-developed certification sector, good transport and institutional infrastructure. Finally, organic certification has been present for a while in developed organic markets such as the European Union, where regulation on organic production of agriculture already exists since 1991 (EC, 1991; Padel et al., 2009 ). In less developed organic markets ("niche" countries), organic certification is at a much earlier stage and may still be developing.
Organic farming affects the whole farming system and is not an adoption of a single techniquein developed countries, converting can mean a significant change to established farming practices, and can result in failure due to risks in the transition period (Kerselaers et al., 2007) . Farmers in poor areas who cannot afford such experimentation could, therefore, be less likely to convert. Evidence from developing countries, however, also suggests that conversion to organic farming might be a smaller obstacle, as agriculture can be organic by default, but not yet certified (Ayuya et al., 2015; Bolwig et al., 2009 ). Conversion to organic farming in such conditions can be merely a continuation of existing cropland management, fertilization and pest control practices (Bolwig et al., 2009) . Nevertheless, optimization of farm operations, implementation of biological plant protection and fertilization, with potential changes to crop types would be necessary to achieve a successful conversion to organic. This is especially the case when there is poor cropland management due to lower accessibility (or lack of finances) to agricultural inputs.
In this study, we focused on a set of socio-economic variables that can explain a considerable part of the spatial distribution of organic crop farmers. However, explaining the socio-economic processes that limit or drive conversion is complex. Organic farmers are a heterogeneous group with a variety of attitudes towards the choice of farming method, including changes to lifestyle and environmental values (Darnhofer et al., 2005; Malek et al., 2019; Tzouramani et al., 2014) . Moreover, there are large differences in the spatial determinants for certification of different crop types (Tayleur et al., 2018) . The data collected for this study did not allow distinguishing producers of different crop types. Other potential obstacles for certification we were unable to address are related to bureaucracy and the required financial resources, lower education and insufficient information, and organizational support (Barrett et al., 2001; Beltrán-Esteve et al., 2012; Boncinelli et al., 2017; Salazar, 2014; Veldstra et al., 2014) .
The role of data and collective associations
Our inventory shows that significant efforts for improving the accessibility of data on organic farmers are necessary. Only then will it be possible to identify location characteristics that drive and limit certified organic farming in developing countries in more detail as well. To achieve this, certifiers and national institutions need to work together to establish common databases of publicly accessible information on organic certification. Due to unavailability and inaccessibility of data, we were so unable to map most farmers in Africa and Asia. Certifier reports, however, indicate that our collection of certificates includes considerably more organic crop farmers than the number of mapped certificates suggests. In some regions (e.g. India and Latin America) one certificate often presents a group association (e.g. cooperative). Exact numbers of farmers in such groups are often unknown. In Peru, 40% (311 certificates) of our records are cooperatives. Membership data are available for only 29 of these cooperative certificates, but these certificates cover 41,000 producers (42% of all organic farmers in Peru). These cooperatives also differ, to some extent, from individual organic crop farmers. They are more likely found in areas with higher poverty levels, and lower access to markets (Table 1 ). This suggests, that such institutional support, either from governments or collective associations can help with certification in areas with less favorable socio-economic conditions, that can otherwise be less likely to convert to organic. Other studies support our results and show that farmers in Latin America are more likely to adopt organic agriculture if they are part of a cooperative (Bravo-Monroy et al., 2016; Wollni and Brümmer, 2012) . We can therefore assume, that we covered considerably more organic crop farmers in these Latin American countries than the numbers of mapped locations suggest. When assuming that our records cover all certificates for Central and Latin America, our dataset would include 346,000 additional crop farmers (Willer and Lernoud, 2018) and 12 more countries would have representative data.
Conclusion
Organic farming is promoted as a way to provide food in a more sustainable way, reducing the environmental impacts of agriculture.
Our results indicate, that, particularly in countries where organic agriculture is less developed, organic crop farmers are present in areas with relatively favorable socio-economic conditions. To sustain trends of increases in organic production in these countries (Willer and Lernoud, 2018) , efforts are needed to support access to certification for farmers in poorer regions and by providing better market access. In developing countries, organic certification often implies a continuation of existing cropland management (Ayuya et al., 2015; Bolwig et al., 2009) . Therefore, it is mainly the certification and access to value chains to reach consumers that is hampering a further expansion of certified organic production. Targeting such areas with less-favorable socio-economic conditions can indeed pose a higher risk for establishing a steady and successful supply of organic products due to a potentially higher rate of certification failures and problems in establishing value chains. Nevertheless, this way organic farming can become a tool for improving famers' livelihoods while at the same time limiting the input of artificial fertilizers and pesticides. The process can, therefore, be seen as a component of sustainable intensification strategies.
The outcomes of this study can help with identifying areas with a high potential for organic crop production and potential increases in the number of organic producers in the future. Most importantly, our results are a step forward towards providing support for more efficient certification to farmers in economically less developed and poorly connected areas. To achieve this, certifiers, national institutions and collective associations, need to work together to improve access to certification, reduce its costs, and target areas where accessing markets is too difficult or costly by individual farmers.
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